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ABSTRACT
Introduction
Hospital-acquired infections (HAIs) are the most common complications of hospital care
in the United States, and at least 1 in 10 patients admitted to the hospital will develop one. These
unnecessary complications lead to about 99,000 premature deaths per year and add
approximately $35–$45 billion of direct costs. Most of the cost increase is due to increases in
hospital length of stay (LOS). This study examines the effect of a federal policy change on LOS
among people with an HAI using the Donabedian quality of health care model as a framework.
Specifically, this study examines the effect of the nonpayment policy of the Deficit Reduction
Act of 2005 (DRA-2005) on LOS among patients with a specific type of HAI, catheterassociated urinary tract infections (CAUTI). The DRA-2005 penalizes hospitals financially by
mandating them to treat patients who develop certain HAIs without compensation from Medicare
and Medicaid. The policy change is regarded as a structural variable and the hospital length of
stay is the primary outcome. The hypothesis is that LOS will decrease post DRA-2005.
Methods
This study employs a longitudinal study design to examine the effect of the DRA-2005
on LOS among patients with CAUTI while controlling for other structural and patient
characteristics that also may impact LOS. The data are obtained from National Inpatient Sample
(NIS), which is a database in the Healthcare Cost and Utilization Project (HCUP). The study
population was restricted to adults who acquired CAUTI during their stay in acute care hospitals.
Four years of NIS data are used; two years before the implementation of the DRA-2005 (2006
and 2007) and two years afterward (2010 and 2011). Other independent variables include
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hospital structural characteristics and patient characteristics. The study hypothesis is tested with
logistic and linear regression models.
Results
The initial bivariate analyses find that LOS significantly decreased by over a half-day
after the DRA-2005 took effect. This effect remained in linear regression models that also
controlled for hospital and patient characteristics, with an overall 11.3% decrease in the mean
LOS post DRA-2005. Logistic regression analysis is used to examine the effect that the DRA2005 had on the odds of having a very high (top 5%) LOS. Patients post-DRA-2005 had
significantly decreased odds (.61 [CI: .54,.71]) of having a very high LOS when controlling for
hospital and patient characteristics. In general, the patient and hospital characteristics that also
affected LOS are patients’ health and nurse staffing.
Conclusion
These findings are significant within the context of spiraling healthcare costs and
government interventions to halt this trend as they show that government policy can be effective.
Even a modest decrease in LOS translates into substantial cost savings to Medicaid/Medicare
and increases the availability of hospital beds. This increase in hospital beds is critical in view of
the current COVID-19 pandemic and the possibility of future pandemics.
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Chapter 1: Introduction
Introduction to Patient Safety
A Critical Healthcare Issue
Patient safety has been society’s constant concern in the field of medicine and is
documented over thousands of years in numerous physician oaths, legal codes, and philosophical
writings.1-3 In contemporary times, patient safety in the United States first became a public
concern during the 1950’s and 1960’s, when patient safety issues were brought to light by
medical liability insurers.4 Until the mid-1960’s, individual care practitioners were held
accountable for medical malpractice—as a result, medical liability insurance rates kept rising to
the point when they became unaffordable. However, in 1965 during a malpractice suit, U.S.
Federal courts ruled that hospitals had the duty to assure the public that they had processes in
place to verify physicians’ competence.4 The primary organization that accredits hospitals in the
United States, the Joint Commission on Accreditation of Healthcare Organizations, then joined
the insurers to address patient care safety and iatrogenic injury rates in hospital settings. The
general public was not aware of the extent of medical errors until reports of higher than expected
medical errors and deaths were brought directly to the public in a Harvard Medical Practice
Study in 1991.5 This study brought the issue to the public sphere and the Institute of Medicine
(IOM) was tasked to convene an expert panel and explore the issue of patient safety and
healthcare in the national setting. The report produced by the IOM, To Err Is Human: Building a
Safer Health System, was groundbreaking and shocking to the public, as its main finding was
that as many as 1 million people get injured and 98,000 die each year in U.S. hospitals due to
medical errors.6, 7 The publishing of the IOM report essentially marks the beginning of the U.S.
Federal government involvement into crafting policies to assure the patient safety in healthcare.
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Concerns about patient safety, especially as it relates to hospital-associated infections and the
economic burden, continue to be a priority among governmental authorities, accreditation bodies,
and payers.6 In particular, the recent move towards improved patient safety and patient
satisfaction with health care in the United States concentrates on reducing the health careassociated infection (HAI) rates.7, 8
This study employs the Donabedian model of health care quality (Structure-ProcessOutcome)9, 10 to explore the effect of one such policy—the nonpayment policy of the Deficit
Reduction Act of 2005 (DRA-2005)—on the hospital length of stay (LOS) of patients who
experienced a specific type of hospital-acquired infection (HAI), a catheter-associated urinary
tract infection (CAUTI), during their stay. CAUTI is the most common type of HAI that occurs
in the United States.
HAIs and Patient Safety
Adverse events like falls, wrong side operations, and infections that occur during the
delivery of care are referred to as hospital-acquired conditions (HACs). A large percentage of
these conditions are infections, traditionally referred to as hospital-acquired infections (HAIs).11,
12

In the medical literature, HAIs are also known as nosocomial infections. Because infections

can occur across all healthcare facilities (e.g., ambulatory centers, outpatient clinics, long-term
care facilities), the term “health care-associated infection” is slowly replacing the traditional HAI
and is also referred to as an HAI. Note that for this dissertation, the term “HAI” will be used to
refer to hospital-acquired infections in acute care hospitals in the United States. Studies cited in
this dissertation employ the term HAI to mean “hospital-acquired infection.”
Since HAIs are the most common complications of hospital care both in the United States
and worldwide, reducing the number of HAIs has the potential to greatly improve patient
2

safety.13 In the United States, at least one in ten patients admitted to the hospital will develop an
HAI. These unnecessary complications lead to about 99,000 premature deaths per year. They
also add up to approximately $35–45 billion in health care costs in the United States.14 Note that
this estimate does not include opportunity costs like lost wages due to inability to work or poor
quality of life expenses. Although it may not be feasible to completely eliminate HAIs, studies
have shown that following the existing guidelines from the Centers for Disease Control and
Prevention (CDC) can lead to about 75% reduction in HAIs—an estimated $25–$31.5 billion in
medical cost savings each year.12 However, the guidelines can be expensive and time-consuming
and many hospitals were simply not following them.7 The Federal government subsequently
developed Medicare payment policies to encourage better adherence to patient safety procedures.
HAIs, Length of Stay, and Quality of Care
One of the biggest risk factors for HAIs is the length of time the patient stays in the
hospital. Research has shown that the longer the hospital stay, the more likely the patient will be
exposed to infectious organisms and more invasive procedures that make them more susceptible
to infections.15 Decreasing the LOS not only reduces the risk of hospital-acquired infections, thus
increasing patient safety, but also lowers the cost to the hospital, the patient, and the payor.
Although these are the goals of most hospital administrators, they are difficult to achieve mainly
because of the multi-layered nature of the problem and the need to involve many disciplines in
the solution.16
There are also several studies that show a positive correlation between the LOS and the
quality of care. For example, Kossovsky and associates found that that trying to deliberately
reduce LOS may jeopardize quality of care,17 and Jencks and associates reported that one of the
main reasons for readmissions was early discharge.18 But it has been shown that an increase in
3

hospital stay also increases the risk of a patient acquiring a hospital-acquired infection. And in
the era of penalties for increase readmission rates, hospital administrators are constantly trying to
figure out what discharge plan is optimal.
In a commentary, A. Clark defended his hypothesis that ensuring the delivery of
appropriate care and treatment is crucial for quality care and that length of stay in hospitals may
be irrelevant to this process. He argues that a longer LOS does not (and cannot) “cause” an
increase in quality on its own. Both very good and very poor quality of care can be provided with
the same LOS for the same condition. This problematic relationship between LOS and quality
needs to be acknowledged.19 LOS is determined by a complex interweaving network of multiple
supply and demand factors which operate at all levels. And although the relationship between
hospital LOS and quality of care is inherently complex, most clinicians will agree that reducing
the length of stay without affecting the quality of care is a measure of efficiency of care. In fact,
some institutions use LOS as outcome measures for quality improvement initiatives.20
Researchers have investigated putative factors that are associated with LOS. Some
studies explored the effect of patient characteristics like age, ethnicity, gender, and health status
on LOS. Liu and associates found that a patient’s age, sex (female), and method of payment
(using public insurance) had a small but significant positive correlation to the LOS and that the
patient medical condition was the principal determinant of LOS.21 These findings were
confirmed by researches in other areas around the world.22-24
Other studies explored the effect of hospital characteristics like hospital size, location,
region, and staffing on LOS. Doctors are responsible for patients’ treatment as well as the time of
discharge, and they can influence patients’ length of stay. If patient discharge is not properly
coordinated, LOS could be extended mainly because the doctor may not be available to
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discharge a patient towards the end of the week or on a weekend.21 Size, location, and region of
the hospital have also been linked to LOS. Most of the large hospitals are found in the northeast
section of the United States and in urban areas, but it was observed that the average LOS in
smaller hospitals in the rural areas is lower than the average LOS for the larger hospitals even
though the explanation for this phenomenon is varied.25
Non-clinical factors have been found to influence the LOS. As hinted previously, the
ability to discharge a patient is a key factor in the overall LOS. Research has shown that factors
like patient disposition (especially nursing home availability) can account for 30% of extra
LOS.26 The availability of other supporting infrastructure like hospice care, step-down
community facilities, and social funding all play a role in the LOS.27 In an era of rising hospital
cost, every member of the care team should be involved in coordinating the discharge process:
accommodating the post hospital and care needs, social support, respecting patients’ decisions,
and settling disagreements with family members can go a long way in reducing LOS.27
Catheter-Associated Urinary Tract Infections and HAI
The most common HAI in the United States is a urinary tract infection. The CDC
estimates that 94,000 (about 80%) of hospital-acquired urinary tract infections are associated
with a urinary catheter,13, 14 thus the term “catheter-associated urinary tract infection.”
CAUTI has long been considered the most common HAI. It occurs after the placement of a
urinary catheter, which is a tube inserted into the bladder through the urethra in order to drain
urine. Approximately 25% of all hospitalized patients receive indwelling urinary catheters some
time during their stay in the hospital.6 Catheterization is used to manage urinary output in
patients who are bedridden, have issues with urination, and who are temporarily restricted from
moving because of anesthesia/surgery. However, if this catheter is left in place too long it can
5

lead to urinary tract infections involving any part of the urinary system (including the urethra,
bladder, ureters, and kidneys) or more serious complications like septicemia.28
Many researchers investigated the use of catheters and the consequences. Findings are
consistent and can be summarized as follows: The use of a catheter is frequently unnecessary and
inappropriate.28 Even when catheters are indicated initially, they often remain in place longer
than necessary, in part because many times, physicians are unaware that their patients have
indwelling catheters.29, 30 According to a report of the Association for Professionals in Infection
Control and Epidemiology, Inc., between 17% to 69% of CAUTI could be prevented if evidencebased strategies were used, and they estimated the additional cost of treating a urinary tract
infection to be about $758, increasing to $1,006 if bacteremia develops.31
Even in the wake of all the evidence supporting the use of strategies to reduce CAUTI, a
fairly recent national study found that 56% of the hospitals evaluated had no system in place for
monitoring which patient had a urinary catheter in place, 74% reported not monitoring catheter
duration, and only 9% used some type of catheter removal reminder or stop order32. It is no
wonder that CAUTI was one of the first HACs to hit the nonpayment list when the Deficit
Reduction Act mandated the Secretary of the Department of Health and Human Services to
identify HACs for which no payment for hospital services will be made.
Conceptually, the nonpayment policy is structured to provide an incentive for hospitals
to improve infection control practices in order to avoid financial loss, but findings of studies
focused on the effect of the policy are mixed: One study conducted by Peasah and colleagues
showed that the rate of CAUTI in the state of Florida did not significantly change 3 years after
the implementation of the policy.33 Kelly Daniels, on the other hand, investigated the incidence
of CAUTI over a 10-year period and found a significant drop in CAUTI rates. The most
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significant drop in the CAUTI rate was found in 2006, years before the implementation on the
nonpayment policy.34 Investigators who had results that conflict other studies attributed the
results to differences in the data used, differences in the hospital locations, or differences in the
study population.35 The bottom line is that CAUTI rates are still high: CDC statistics showed
no change in overall CAUTI between 2009 and 2014.36
Accelerating Healthcare Cost
The cost of healthcare has been increasing quickly and much more rapidly than the cost
of living in general since the federal government became a major payor of care with the
establishment of Medicaid and Medicare.37, 38 The Congressional Budget Office predicted that,
without any changes to federal law, total spending on healthcare will rise from 16% of the gross
domestic product (GDP) in 2007 to 25% in 2025 and 49% in 2082.39, 40 It is necessary for payers
of healthcare services to examine every avenue available to conserve healthcare dollars.
Policy Efforts to Reduce HAIs prior to Section 5001(c) of the DRA-2005
Although the focus on patient safety intensified after the IOM reports, there were several
attempts to improve patient safety in a clinical setting. Throughout the years, rewards have been
used to encourage better outcomes, and hospitals were still paid for treating HAIs even if they
could have been avoided using evidence-based prevention methods. But despite numerous
government interventions, public-private partnerships, innovative patient safety, and quality
improvement programs, quality still remains a serious concern and the major issue is hospitalacquired infections. A timeline of some of the undertakings to improve healthcare in the United
States follows.
In the early days, American medicine and medical education were disorganized and of
poor quality. The American Medical Association and later the American College of Surgeons
7

were founded in 1847 in part to correct this issue. Research tracking patients to verify that the
treatment they received worked contributed to the development of the Hospital Standardization
Program in 1917. Hospitals were required to meet certain minimum standards that focused
mostly on care within the hospital.41
Representatives of the American College of Surgeons used these standards to survey
healthcare organizations to determine whether they were meeting the goal of the minimum
standards. Later, additional standards were added and in 1952, the American College of
Physicians, the American Hospital Association, the American Medical Association, and the
Canadian Medical Association had joined the American College of Surgeons to collectively form
the Joint Commission on Accreditation of Hospitals.42
Avedis Donabedian incorporated these standards into his model of structure, the physical
and staffing characteristics of caring for patients; process, the method of delivery; and outcome,
the results of care framework. To this day, the Joint Commission and other groups are still
incorporating some version of the structure-process-outcome model to assess quality of
healthcare.43
The role of the Joint Commission continued to evolve, and in 1979, the organization
dropped some audit requirements and replaced them with hospital-wide quality assurance
programs. Now, the Joint Commission uses a multidisciplinary approach that tries to improve the
performance of the entire healthcare workforce.
With the passage of the Social Security Act that provides older Americans with hospital
insurance, Congress also set rules (Conditions of Participation) that mandated certain principles
like medical staff credentials utilization review and around-the-clock nursing services that are
critical to operating a hospital.44 With these new rules, Utilization Review Committees were
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established, and research organizations were expected to discover processes that could improve
patient care. Acute care hospitals that were accredited by the Joint Commission were deemed to
have met all the regulatory requirements specified in the Social Security Act amendments of
1965.
Years later, because these review committees were found to be ineffective, Congress
established the Experimental Medical Care Review Organizations45. They were assigned to
develop models that can find processes known to improve patient care and assist healthcare
professionals to incorporate them in their strategic plans.
Throughout this period, we have seen that these governmental programs were being
supplemented by efforts undertaken by leaders in organized and academic medicine as well as
individuals and non-profit organizations. This trend continued. In 1970, the National Academies
of Science established the Institute of Medicine, which has since launched numerous concerted
efforts to evaluate and improve the quality of healthcare delivered. In 1989, Congress replaced
the National Center for Healthcare Services Research with the Agency for Healthcare Research
and Quality (AHRQ) mainly because of geographic variations in practices and the misuse of
resources. The AHRQ performs and funds research related to the quality and effectiveness of the
United States healthcare system.46 The agency sponsored several different areas of research but
since the IOM report, it now spends millions of dollars on funding and grants for research on
patient safety, especially in the areas of error reporting, informatics to promote patient safety,
and patient safety research dissemination and education. Once there is evidence to make health
care safer, AHRQ took on the responsibility of disseminating information to the public.47 The
National Committee for Quality Assurance, a non-profit organization tasked with managing
accreditation programs for individual physicians, was established soon after in 1990. Another
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non-profit organization aimed at improving the quality of U.S. healthcare, the National Quality
Forum, was established in 1999. Their offering is to define national goals and priorities and to
endorse metrics for quantifying and reporting on healthcare performance measures. Continuing
along the healthcare quality timeline, in 2002, the Centers for Medicare & Medicaid Services
(CMS), in collaboration with the CDC, implemented the National Surgical Care Improvement
Program Project. The goal of the project is to decrease the morbidity and mortality associated
with postoperative surgical site infections and other complications and mortality due to surgeries
by promoting appropriate selection and timing of prophylactic antimicrobials.48
In conjunction with the above developments in the quest for quality healthcare, the CMS
has been using its influence as the largest single healthcare payer in the United States to use
hospital payment incentives to improve quality of care. Different structures of payment emerged
through the years. The most traditional payment model is the Fee for Service (FFS), where
physicians and healthcare providers are reimbursed by insurance companies and government
agencies (third-party payers) based on the number of services they provide or the number of
procedures they order.49 FFS payment creates strong provider incentives for higher volume,
particularly for those services and procedures with higher net income margins per unit of service.
The CMS then moved towards the value-based purchasing system; one version of it is Pay for
Performance (P4P). This is used mostly in critical care hospitals and here, payment is linked with
provider performance with a goal to improve the quality of care achieved in relation to the cost
of the care provided.50
Federal Payment Policies and HAIs
In an effort to reduce federal spending overall, President Bush signed the Deficit
Reduction Act of 2005. Section 5001(c) addressed the issue of healthcare costs. The law required
10

the Secretary of Health and Human Services to identify at least two hospital-acquired conditions
which could have reasonably been avoided through the application of evidence-based guidelines
and would be subjected to the adjustment in payment. The CMS, the largest healthcare payer in
the United States, in consultation with experts and the CDC, identified conditions for which
hospitals no longer receive additional payments. The “nonpayment” policy took effect on
October 1, 2008.35 Since then, hospitals were required to absorb the cost of treating patients who
have acquired an HAI that could have been avoided if available, and proven strategies were used
to prevent the infection.51 Further, Section 3008 of the Affordable Care Act established the HAC
Reduction Programs to encourage hospitals to reduce HACs. Beginning in 2014, poorly
performing hospitals—those that receive above the 75th percentile of HAC scores—received a
1% reduction in Medicare inpatient payments. Coupled with penalties for other patient safety
programs like excessive readmissions, this penalty reached a maximum of 3% in 2018.52 As part
of this effort, hospitals are now required to report medical errors and performance ratings, and
this information is now made publicly available. The assumption is that financial penalties and
public exposure will trigger hospital process changes that will boost infection control programs
in the hospitals.
When the Deficit Reduction Act was signed in 2005, the Bush administration estimated
the new regulations would save $20 million annually, but more recent reports from the AHRQ
indicated the estimates were over $19 billion.53 The CDC estimated that CAUTI alone, one
infection on the nonpayment list, cost $451 million annually and 60% of this is paid for using
federal funds.54 Even a modest reduction in the CAUTI rate can save billions annually. This
dissertation explores the impact that this nonpayment policy may have had on LOS in CAUTI
patients.
11

Gaps in the Literature
Numerous studies seek to assess the impact of these policy changes on patients’
outcomes55-59. Most focus on the financial impact on the hospitals,58-62 changes in processes,57, 63
and unfair penalties64, 65. While a few do examine patient hospital LOS, none fully explored the
impact of these changes in policies on the LOS in patients with HAIs. The pressured demand to
reduce HAIs/HACs intensifies the need for more information on the impact on policies on the
LOS. This dissertation aims at filling that gap. Using the Donabedian model, this study will
examine changes in the LOS among CAUTI patients before and after the implementation of the
policy, controlling for other factors also related to LOS. The results have the potential to inform
policy makers about the effect of the policy and whether or not more stringent sanctions are
required.
Theoretical Model
This study uses the Donabedian model of health care quality as its organizing
framework. In this dissertation, changes in the policies and the environment in which hospitals
work are considered structural changes. Changes in nurse staffing levels are considered process
changes, and changes in patient LOS are regarded as outcomes.
Conceptual/Theoretical Framework Employed in this Dissertation
This study seeks to test the use of the Donabedian model to evaluate how the adherence
to the DRA-2005, which is a change in the structure, leads to better patient outcomes as
measured by a reduction in LOS. This Donabedian theory uses a triad of structure, process, and
outcome to evaluate the quality of healthcare in an institution. Structural factors are all those
that affect the context in which care is delivered. They consist of the physical facility,
equipment, and human resources. Organizational characteristics such as staff training and
12

payment methods, together with environmental influences like adherence to federal, state, and
local policies, are also considered structural factors. Process factors encompass how care is
administered. These are generally the protocols that are followed in diagnoses, treatments, and
preventive care. Outcomes include all the effects of healthcare on patients or populations,
including changes to health status, behavior, knowledge, patient satisfaction, and health-related
quality of life.
In the context of this thesis, aspects of structure include the nonpayment policy of the
DRA-2005, the setting in which care is given (i.e., the hospital—its size, location, and region),
and the qualification of the nursing staff and the methods of reimbursement. For the process,
this thesis will consider the nurse staffing/hiring practices. The feature of outcomes is basically
evaluating the hospital efficiency as reflected in a reduction in the LOS. The models will also
control for patient-level characteristics like age and severity of illness that do not fit into the
Donabedian model of structure-process-outcome but generally have an effect on LOS. Figure 1
below is a graphical representation of the aspects of structure, process and outcome variables
that will be used in the analysis.
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Figure 1
Conceptual Framework using the Donabedian Theory

Questions to Guide the Research
1.

Was a change in federal policy, the DRA-2005, associated with a change in

hospital practices (process) and LOS (outcomes) among patients with CAUTI?
2.

Do observed changes in LOS among CAUTI patients before and after the DRA-

2005 remain once hospital structural characteristics and patient characteristics are
accounted for?
General Aim
Building on the Donabedian theory, the general focus of this research is to evaluate how
the DRA-2005, which is a change in the structure, may lead to better patient outcomes as
measured by a reduction in the length of time the patient stayed in the hospital.
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Specific Aims
1.

To evaluate whether the DRA-2005 is associated with a reduced LOS and

reduced odds of a high LOS for patients with CAUTI.
2.

To assess what specific changes in the hospital characteristics may have

contributed to reduction in LOS from pre- to post-DRA-2005.
Hypothesis
CAUTI patients will have lower LOS post DRA-2005 when controlling for hospital and
patient characteristics that are also associated with LOS.
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Chapter 2: Literature Review

A thorough review of the literature on both the history of patient safety and on the effect
of HAIs on patient hospital LOS was conducted in order to ground this dissertation in the
historical context of patient safety and policy. Although some references were made about
patient safety issues almost half a century ago, this literature review focuses on patient safety
since the publication of the IOM report To Err Is Human: Building a Safer Health System in
1999. This report was conducted with the theoretical framework of the Donabedian model of
quality (structure-process-outcome) in mind. The first part of the review is a historical roadmap
to patient safety and unveiled how public and private policies and interventions changed the
healthcare environment that forged process changes which, in turn, promised better patient
outcomes. The review then zooms in on HAIs, a particular patient safety issue, and its effect on
the LOS.
I. The Road to Patient Safety
The modern patient safety movement in the United States was triggered by the
publication of To Err Is Human: Building a Safer Health System, a report by the IOM. This
report both expanded and publicized the Harvard Medical Practice Study of 1991, which used a
two-staged chart review method to 1) assess the extent to which adverse events indicated
substandard care and 2) established a standard by which adverse events are measured.5 It was the
first time the impact and consequences of medical errors were quantified and brought to the
public.66 This concern for safety was embedded in the general focus on health care quality which
also emerged at this time. While many models for health quality exist, one of the most influential
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and pervasive models is the Donabedian model of quality. According to this model, three
categories of indicators can be used to measure adverse events: structure indicators (staffing
adequacy, availability of policy to prevent medication errors, availability of protocols, etc.),
process indicators (appropriate use of prophylaxis, pain management, timely removal of
catheters, etc.), and outcomes indicators (mortality rates, mean length of stay, rate of readmissions, family satisfaction, etc.).9
Health Care Quality and Patient Safety
The presence of adverse events does not always indicate poor quality of care nor does the
absence of adverse events indicate good quality of care. Yet, there is a need to measure quality.
Once the Donabedian standard to measure adverse events was established, many studies used it
to develop more current and more reliable estimates of the incidence of adverse events and
negligence in hospitalized patients.67 Other researchers developed measures using more
sophisticated methods that can evaluate the relationship between adverse events and patients’
outcomes at the same time, accounting for confounding factors for mortality and the occurrence
of multiple events in the same patient. Regardless of the standards used, most will agree that it is
very difficult to measure adverse events and errors in healthcare. As the IOM report To Err is
Human suggested, in addition to the active error committed by the health care provider, a
number of latent errors could have led to adverse patient outcomes.68 These latent errors can
include system defects like poor design, faulty maintenance, poor purchasing decisions, and
inadequate staffing. The difficulty in measuring may also lie in the fact that errors occur over a
wide range of time; in fact, errors may have existed for months or years before the frontline
practitioner made the mistake that directly led to patient harm.69
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It is expected that the variety and number of measurements will continue to increase, and
the results will inform hospital policy makers about steps that can be taken to address
deficiencies in the system that contribute to poor patient outcomes. Improvements in patients’
outcome will not happen without integrated and collaborative efforts of the entire health care
team. And now that reimbursement is tied to patient safety, whether one is looking at the bottom
line or the ethics of medical care, safety is now an industry imperative.70
Patient Safety as a Discipline
The IOM report of 1999 painted a very dark picture of hospitals and health care: It
revealed that medical errors were more widespread than previously thought and that many of
them were preventable.71 The published report implied that at least 44,000 but as many as 98,000
Americans die each year as a result of medical errors. The proportion of these errors that are
preventable was up to 58% in New York, using 1984 data. Even with the lower estimates, deaths
in hospitals due to preventable adverse events exceed deaths due to motor vehicle accidents,
breast cancer, and AIDS combined. Based on extrapolation to all hospital admissions in the
United States, the authors estimate the national costs of adverse events to be $37.6 billion and of
preventable adverse events to be $17 billion using 1992 data (IOM report).
The media attention on these preventable errors shed a negative light on hospitals as
being fraught with risk of patient harm.72 The call for change was eminent. The National Patient
Safety Foundation called together patient safety advocates and national leaders with interest in
patient safety and created the Lucian Leape Institute in 2007. The main charge of this institute
was to come up with ideas to improve patient safety. One of their first recommendations was to
reform medical education.73Although this was directed at medical schools, the curriculum in
healthcare education has been modified to include patient safety as a science that is grounded in
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the collaborative efforts of experts from disciplines outside of medicine like engineering,
cognitive psychology, and management science.74 Now, school accreditation bodies have been
insuring that patient safety is included in the curriculum.75, 76
Prior to the IOM report, medical errors were associated with individual ineptitude and
professionals who erred rarely revealed their mistakes, keeping patients and families in the
dark.77 The IOM report, however, argued that the root cause of medical error is poorly designed
systems and that the complexity of health care delivery systems makes hospitals highly
susceptible to both technological and human error. A follow-up report in 2001, Crossing the
Quality Chasm, analyzed the multiple levels at which the healthcare system could be
reconfigured to improve patient care. This report strongly called for fundamental changes to
close the quality gap.78
A System Approach to Patient Safety
At the core of healthcare are therapeutic interventions to improve health conditions.
Adverse events are considered negative outcomes of these interventions. Although there is no
single consensus definition for patient safety, it can generally be summarized as the actions taken
to prevent harm to patients79. These actions can be taken by individuals, healthcare systems, or
governmental entities. Both IOM reports disclosed that errors were not just due to mistakes made
by clinicians, but also by deficiencies and defects in the design of the healthcare system—
especially how professionals interact in the healthcare systems. The key effect of the IOM
reports was a cultural change in which the assignment of blame from individual providers was
shifted to errors in the healthcare system.80
This systems approach views that errors are the result of predictable human failures
related to poorly designed systems. The focus shifted from penalizing the individual to changing
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the environment in which people work.81 In a systems approach to patient safety, the emphasis is
placed on redesigning the system to prevent errors and adverse outcomes. This approach offers
opportunities to learn from errors that do occur and builds a culture of safety that involves health
care professionals, organizations, and patients.71
Designed to Prevent Errors
The redesigning of a healthcare system to prevent medical errors requires changes in the
physical structure of the system, the processes established by the system, and the policies
(governmental and organizational) under which the system operates. Physical changes to the
environment can reduce errors and adverse outcomes. For example, a good physical engineering
design concept that will minimize harm to patients is to make connectors so incompatible that it
becomes impossible to connect an anesthetic gas tank to an oxygen tank. As a result, it is
impossible for the humans involved to dispense the wrong gas to the patient. Other examples of
physical changes to prevent errors include making available assistive devices to avert patient
falls, using surfaces that are easily decontaminated, and using ventilation and filtration systems
to control and prevent the spread of infections. Process errors occur when established procedures
are breached or poorly designed. These may include protocols to manage and maintain
equipment, non-adherence to aseptic techniques, and attempting to perform procedures without
having the prerequisite knowledge or skills. These errors can be minimized by in-service training
and continuous education, keeping tabs on how well equipment works, etc.82
Policy changes to the environment are also designed to prevent errors. Since the IOM
report, legislation addressing medical errors has been introduced in both houses of Congress. A
few examples of the legislation focused on addressing aspects of patient safety include the
Medical Errors Reduction Act of 2000, which called for designing projects to test technologic
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means of reducing the incidence of errors; the Stop All Frequent Errors in Medicare and
Medicaid Act of 2000, which resulted in the establishment of the Patient Safety Center within the
AHRQ that would monitor and assist with patient safety activities; the Medication Error
Prevention Act of 2000, which established a platform for communications about medication
errors; and of course, the nonpayment policy of the DRA-2005, which granted CMS permission
to withhold payments for certain preventable hospital acquired infections.83 But improving
patient safety is a shared responsibility, and the role of private-sector organizations and the
consumers should not be ignored. Health grant makers are well positioned to support patient
safety efforts both locally and nationally. The W.K. Kellogg Foundation and the Robert Wood
Johnson Foundation have already funded national initiatives on patient safety to the tune of
millions of dollars.84
British psychologist, James Reason, proposed that errors are inevitable but that most
harm results from multiple, smaller errors in environments with serious underlying system flaws.
He suggested that in a multi layered system, barriers must be set up at every layer and aligned in
such a way that it will take several breached barriers and failures for patient harm to occur.
Reason likened the occurrence of errors to swiss cheese, with the holes representing errors at the
different level: The holes must be lined up perfectly for harm to occur.85 Other system designers
suggest that there is a nested hierarchy of factors (policy environment, institutional context,
organization and management, work environment, care team, task, individuals, and patients) that
determine safety in a healthcare system.86 In this model, proximal causes of error and adverse
events are usually associated with some combination of the care team, one of its members, the
task performed, and the patient, usually referred to the “sharp end” of the system.
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However, the less obvious distal causes are associated with policy environment,
institutional context, organization and management, and work environment, usually referred to as
the “blunt end” of the system. Obviously, both ends must be addressed to minimize errors.86 In
To Err is Human, Donald Norman describes some strategies for “user-centered design.” These
include strategies like using constraints (which make it hard to do something that is wrong) and
forcing functions (which make it impossible to do something wrong).87 Examples include a
policy to color code IV bags (constraint) and using different connector types for gas tanks
(forcing function).88
Attentive to the IOM report that suggested that conditions in the system enable adverse
events to occur, many institutions have embraced the “no blame” model and have implemented
systems that catch errors before they cause harm, prevent caregivers from committing errors, or
mitigate harm from errors that do reach patients. Unquestionably, this shift has borne some
fruits. According to the Joint Commission, there are certain institutions with 50%–70% reduction
in injury due to falls and wrong-site surgery. But the overall incidence of adverse events is still
unacceptable at 10%.89, 90 Looking further into root causes, some health care leaders and
proponents of systems thinking have recognized that a blame-free culture carries its own safety
risks. They have proposed that individual physicians should be held accountable for actions (or
inactions) that pose clear risks to patients. They differentiate between blameworthy acts like
refusing to wash hands when evidence has shown that handwashing is a safety issue, and
blameless acts like failure to sign a prescription order because of severe patient overload.91
Designed for Open Learning
The process of providing health care is inherently interdisciplinary, requiring physicians,
nurses, and allied health professionals from different specialties to work in teams. Research has
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demonstrated that poor relationships among these health care professionals can be harmful to
patient care and results in increased rates of medical errors.92 Designing a system for open
learning should therefore include strategies to create interprofessional teams in which individuals
with diverse training and skills pool resources and expertise to achieve better care delivery.
Sharing of information about medical errors would help reveal the root causes of the errors and
allow for the development of methods and guidelines to prevent future health care providers
from making the same or similar medical errors.
Designed on a Culture of Safety
Developing an environment that provides a non-punitive, convenient, and confidential
system for reporting errors and safety concerns is the necessary first step to instituting a safetyoriented culture.93 Patient safety culture is the shared values of the importance of safety in an
organization.94 It is built on the following: communication founded on mutual trust, a blame-free
system for identifying threats to patient safety, good information flow and management, and
leadership commitment to patient safety.95 Ulrich and Kear regrouped these elements into three
components of culture: (a) a just culture in which what is acceptable is clearly defined (fairness
and accountability are critical pieces of a just culture), (b) a reporting culture that encourages and
facilitates the reporting of errors and safety issues and commits to fixing what is broken, and (c)
a learning culture in which one learns from errors, near misses, and other identified safety
issues.96
Government Policy, Value-Based Purchasing, and Patient Safety
The largest national payer of healthcare in the United States is the CMS. It is part of the
U.S. Department of Health and Human Services and is responsible for most of the federal
healthcare programs. The CMS provides health coverage to more than 100 million people
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through Medicare, Medicaid, the Children’s Health Insurance Program, and the Health Insurance
Marketplace.97 National Health Expenditure accounted for 17.7% of the GDP ($3.6 trillion in
2018). CMS spending accounted for at least 37% ($1.4 trillion).98 As the largest payer, it has
always played a prominent role in shaping healthcare delivery. Patient safety and hence reducing
HAIs is part of the responsibility of the CMS.
The CMS has used different structures of payment through the years in order to improve
quality of care and to limit cost of healthcare. The most traditional payment model is the FFS
where physicians and healthcare providers are reimbursed by insurance companies and
government agencies (third-party payers) based on the number of services they provide or the
number of procedures they order. Here, third-party payers were billed separately for each
procedure, treatment provided, tests done, etc. This type of payment creates strong provider
incentives for higher volume, especially for those services and procedures with higher net
income margins per unit of service. Also under this type of payment, the provider is at risk only
for the costs of services he provided and not for patient health or total treatment costs.49
The CMS has shifted from FFS models of payment to Value-Based Models. These
models include Pay for Coordination (mostly used in medical homes), P4P, used mostly in
critical care hospitals, and the newer Bundled Payments of episode of care and shared savings
programs.50 The Value-Based Purchasing (VBP) model veers away from the traditional fee for
service compensation and focuses more on improving the quality of care achieved in relation to
the cost of the care provided.
Report Card for Value-Based Programs
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Value-based program reimbursement has not been very successful in improving
outcomes. Two key studies examined this issue. Ryan et. al. (2017) assessed the effect of the
voluntary value-based reforms and found no meaningful improvements in clinical processes or
patient experience, nor did they find any significant reduction in mortality during a four-year
period of their study. They attributed these undesirable results partly to a complex incentive
design which involves using patient safety indicator scores and a complicated set of HAC
measures.99 Chee and associates also researched the VBP. They looked at several characteristics
of structure and process and also found that the overall effectiveness of the VBP programs has
been marginal and agreed with Ryan and associates that the financial incentives alone may be
inadequate to drive change.100
More recent legislation gave CMS the authority to penalize hospitals for providing poor
quality of care. As of October 1, 2008, hospitals are required to absorb the cost of treating
Medicare/Medicaid patients who have acquired a nosocomial infection that could have been
avoided if available and proven strategies were used to prevent the infection. Beginning in 2014,
poorly performing hospitals (those that received above the 75th percentile of HAC scores) will
receive a 1% reduction in Medicare inpatient payments. Coupled with penalties for other patient
safety programs like excessive readmissions, this penalty reached a maximum of 3% in 2018.52
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Recent studies that examine patient safety in hospitals suggest that this new policy is
promising. Burwell et. al. (2015) reported that care delivered in hospitals was much safer in 2013
than it was in 2010: There were 1.3 million fewer adverse events between 2011 and 2013 than
there would have been if the rate of such events had remained unchanged, and an estimated
50,000 deaths were averted.101 Unfortunately, there is more work to be done. Nearly 1 in 10
patients still have adverse events while hospitalized, and many people do not receive care that
they should receive, while others receive care that does not benefit them.
Hospital epidemiologists have been forced to respond to numerous pressures originating
outside the hospital, demanding rapid change, greater accountability, and more transparency. In
the forefront of this movement is the Consumers Union. One of the union’s primary activities is
to lobby state legislatures to enact the Consumers Union Model Hospital Infections Disclosure
Act and terminate licensure for hospitals that violate its provisions.102 Most recent reports
indicated that 37 states have enacted this and similar legislations.103 Another indicator of the
increasing public concern is the activities engaged in by the Institute for Healthcare
Improvement. This non-profit organization created the “100,000 Lives Campaign” and the “5
Million Lives Campaign” to emphasize best practices for reducing HAIs.104 The “5 Million Lives
Campaign” aimed to achieve a decrease of 5 million unintended medical harms between
December 2006 and December 2008 by adding six new interventions. Both these campaigns
focused on reducing infections like Methicillin-resistant Staphylococcus aureus and central line
infections. Within less than 2 years, more than 3,100 hospitals joined in and avoided an
estimated 122,000 deaths as of 2007.105 Other reports focused on the percent reduction in
specific adverse events like pressure ulcers and ventilator-associated pneumonia but did not give
an estimation of the number of lives saved or adverse events averted.106
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Current Status of Patient Safety
It is now generally accepted that adverse events occur because of multiple flaws in the
rather complicated systems used by hospitals and in the overall design of health care
organizations.107 Although completely eliminating medical errors may not be attainable, both
public and private organizations have initiated major programs to develop and implement new
safety practices and to train healthcare workers in patient safety.108
The IOM report alone did not result in changes in adverse events in patients. In
November 2010, over a decade after the IOM report, the Office of Inspector General published a
report which revealed that the number of Medicare beneficiaries who had experienced an event
that contributed to their death had reached 180,000. In 2010, one key player in the patient safety
movement, Joe Kiani, Founder and Chairman of the Patient Safety Movement Foundation, began
to track what was being done in the United States to reduce these unnecessary deaths. He
realized that there were still too many deaths that could have been prevented, so later that year,
he tweaked the mission of his Patient Safety Movement Foundation to include ZERO
preventable deaths. In 2012, he brought all stakeholders across the continuum of care together to
come up with an action plan. The first foundation summit by Kiani was convened in 2013 and
was attended by the world’s leading clinicians, hospital CEOs, patient advocates, and
government leaders.
The foundation summit presented empirically tested solutions called Actionable Patient
Safety Solutions to the hospital administrators attending the summit. These attendees made
formal commitments to implement processes to reduce preventable deaths in their hospitals. In
2015, Burwell and his associates reported that there were 1.3 million fewer adverse events
between 2011 and 2013 than there would have been if the rate of such events had remained
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unchanged, and an estimated 50,000 deaths were averted.109 In January 2019, the 7th summit of
the Patient Safety Movement announced over 90,146 lives saved because of commitments made
by over 4,710 partnered hospitals across 50 countries. This announcement showcased the
improvements made on the road to ZERO preventable deaths.110
Unlike Kiani of the Patient Safety Movement, most healthcare officials are reluctant to
give specifics about improvement in patient safety mainly because harm resulting from medical
care is still very common. Patient safety efforts are not futile; in fact, efforts to reduce specific
harm like HAIs and surgical site infections have been very successful.111 The barrier to progress
seems to be the lack of reliable information on patient safety. Some collect information of the
incidence of harm includes death, while others include the number of harm avoided and near
misses; some depend on chart reviews, while others depend on voluntary reporting of adverse
events.112 Researchers agree that unless there is an approved and standardized measurement for
safety, unreliable and incomplete information on patient safety will impede decision making
about patient safety improvements and learning from errors made.113
One less popular topic about patient safety is the result of adverse effects on hospital
LOS. It may seem obvious that HAIs prolong the LOS and hospital cost at least for the time
needed for treatment and the resources used to treat the HAIs. What is less obvious is that the
longer patients stay in the hospital, the greater the odds of them acquiring HAIs. Since this thesis
focuses on LOS, the following section will review the literature on LOS as it relates to HAIs.

II. Length of Hospital Stay and Hospital-Acquired Infections
When summarizing the literature on the association between LOS and HAI, a few major
subtopics emerge. These include the hospital environment as a risk for HAI, challenges in
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computing excess LOS, initiatives to reduce hospital LOS, challenges in estimating the actual
effect of HAI on LOS and direct cost, the seeming reluctance of hospitals to invest in patient
infection control, and the interaction between HAIs and LOS.
The Hospital Environment as a Risk for HAI
Hospital environments increase the risk of HAIs for many reasons. First, the hospital is
a reservoir for pathogens of all sorts, especially antibiotic-resistant organisms. Since patients
are generally more susceptible to infections than other healthy individuals, health care
providers and caregivers must take necessary precautions to limit acquisition and spread of
infections. Second, there is an extensive patient-care giver interaction. If health care providers
fail to follow recommended guidelines such as hand hygiene, especially during invasive device
interventions, patients can easily succumb to infections at every step of the care process. This
suggests that organization-wide processes should be in place to limit the odds of acquiring
HAIs, which in turn may indirectly reduce the LOS.114, 115
Challenges in Computing Excess LOS116-118
There are difficulties in computing the increase in the LOS (and hence cost) due to
specific factors because factors other than infections may affect the LOS and healthcare
utilization. For example, days could be added to the stay because the patient may be waiting for
test results and procedures, consultant’s opinions, or a suitable nursing or rehabilitation
facility.119, 120 The other major source of bias is the time varying nature of the infection. It is very
difficult to ascertain the time the infection occurred and hence, the extra time attributed to the
infection.121
In the literature, three methods are used to evaluate the effects of HAIs on LOS, the
most common of which is the matched comparison group. In this method, patients with HAIs
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are compared to a set of patients with similar characteristics but no HAIs. Researchers use
different methods to ensure that the selection of patients in the control group are carefully
matched—usually according to the diagnosis at discharge, the main procedures performed in
the hospital, the inpatient area, sex, and age. The extra LOS is attributed to the infections.122
A second, less common method of evaluating the extra LOS is the unmatched group
comparison. Here, the average length of stay is determined for two groups of patients: those
with HAIs and those without HAIs. The uninfected patients are selected according to
demographic and clinical variables of patients based on a propensity score. The difference in
the average hospital stay between the two groups is attributed to the HAIs.117
Appropriateness Evaluation Protocol Method (AEP) is a third method utilized by
researchers. It is a more accurate but more involved method. Here, data is extracted from actual
medical records, and criteria that justify a patient’s presence in the hospital because of the HAI
are evaluated by a physician. These may include cultures of specimens like blood and urine,
extra monitoring of vital signs, temperatures, and other criteria not usually associated with the
“ordinary” procedures for which the patient is admitted. Obviously, this is much more time
consuming and until software to extract the data electronically from the medical records is
developed, this method will be limited to smaller scale research projects.
Barbaro and colleagues compared the three methods by applying them to the same
population of patients. They found that all three methods were reliable even though the actual
estimates of LOS varied. They explained this variation by noting that there were differences in
the measurements: The matched and unmatched comparison estimated the total prolongation of
stay attributable to the HAIs, whereas the AEP estimates the appropriate prolongation of stay
attributable to HAIs.117, 118
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Initiatives to Reduce the Hospital LOS
Reducing the length of stay in the hospital has become a priority in the process of care for
two main reasons: reimbursement requirements have changed, and studies have shown that
reducing the LOS decreases the number of HAIs.15 Many of the recent studies on LOS have
dispelled the old notion that reducing the length of stay may result in less quality of care and
unintentional harm in the form of patients returning to the emergency rooms or increasing
readmissions to the hospitals.19 The current trend is to find ways of reducing LOS while at the
same time keeping high priority on patient quality of care and safety. The secret is to recognize
the processes that are contributing the most to increased LOS and finding ways to address them.
For example, Mercy Hospital found that by reassessing the overall case management process,
increasing and strengthening daily rounds, and managing hospice and palliative care referrals,
they were able to reduce hospital stay by 1 day122,123 . Agrawal and colleagues estimated that if a
300-bed hospital with an average LOS of 4 days can reduce LOS by 5% (5 hours), it can treat
over 1,350 more patients each year. This is a considerable increase in patient access and millions
of dollars in additional income from the same fixed capacity122.
Research on length of hospital stay uncovered several ways to reduce LOS without
sacrificing quality of care. Structural changes that can reduce LOS centered around the
realigning the physical layout of the space to accommodate the demand capacity. Integration of
teamwork and planning the discharge procedures are process changes that can reduce LOS.
Realign the Physical Layout with the Demand Capacity
One of the barriers to optimal hospital care is the inefficient use of space. Many hospital
units are designed to accommodate patients with similar conditions. By taking into consideration
the expected and average length of stay for similar conditions, the number and size of units for
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each of the conditions can be designed to align with the demand capacity. If this is not done
thoughtfully, patients with one condition may be forced into a ward designed for another
condition. And while these patients are waiting to be properly placed, they are being treated by
caregivers not familiar with or specialized in that particular condition. This delay in placement
increases LOS. Another more efficient use of space is to create contiguous units instead of
having units designed for similar conditions scattered throughout the floor or even on different
floors.124
Integrate Teamwork and Plan the Discharge Process
In addition to HAIs, there are a number of non-clinical reasons for longer length of stay. These
reasons can be placed into two groups: delays associated with the timely clinical process of
patient treatment and delays associated with the discharge process.
Delays Associated with the Clinical Process of Treatment: Avoidable delays in the
treatment progression occur mainly because of lack of communication among members of the
care team or inefficiencies in the care process. Masjeed and associates found that almost 20% of
the total LOS for a surgical unit was unrelated to surgical activities. They listed lack of planning
or errors made by the team as major causes for the increase in LOS. Failure to request important
diagnostic/therapeutic procedures and waiting for specialist opinions were the main reasons for
the delays in the treatment process.120 Several studies link variations in the LOS to physicians’
personal preferences and influences on the care process and the environment in which they
deliver the care.125, 126 Several interprofessional teams should collaborate to define the optimal
blend of services for each patient. Daily rounds should bring together medical, nursing, and
paramedical teams; plus a bed coordinator who can facilitate the medication reconciliation
process, link various community resources, and coordinate discharge planning.127, 128
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Delays Associated with the Discharge Process: Although only a doctor is authorized to
release a patient from the hospital, other health care providers like a nurse, a social worker, or a
case manager usually get involved with the planning process. Without proper planning, delays in
the discharge can contribute greatly to the length of stay in the hospital. Factors that contribute to
delays in the discharge process include inadequate extended facility care beds in the community,
unpreparedness of the family to take care of the patient after discharge, lack of necessary
equipment and resources (such as special beds or oxygen) at the patient’s home, and failure to
timely secure appropriate treatment continuity.129 Bed blocking, a term used to describe the use
of hospital beds after patients’ eligibility for discharge, is a worldwide problem and is associated
with increased morbidity and mortality. Segal and associates found that the most hazardous time
is during the first 3 days after discharge has been deemed appropriate but not yet executed. He
speculated that the reduced medical attention makes the patient more susceptible to nosocomial
threats.119 Research has also shown that making several daily rounds can reduce the LOS—
evening rounds may identify patients who have made sufficient improvement for discharge the
next day. This change may entail a shift in work schedule but not necessarily an increase work
hours or the use of extra resources.130
Challenges in Estimating the Actual Effect of HAI on LOS and Direct Cost
It is necessary to correctly quantify the additional LOS due to an HAI for economic and
decision-making purposes. However, this is a complicated process because it is difficult to
separate the time spent in the hospital and the time spent in the hospital because of the HAI.
Many researchers used the matched method to compare groups of individuals with and without
the infection and try to limit the differences between the groups by selecting the matching
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control group using variables like age and sex that would most likely to affect the outcome. But
patients are intrinsically complicated and there could be many underlying complications that
can contribute to acquiring the disease and the treatment process, and hence LOS.131
One challenge in estimating the effect of the additional LOS for patients with an HAI is
to extract the effect of the infection from that of any other complications or disease progression.
Differences in methodologies and the use of out-of-date estimates for both prevalence and cost
result in great variations in cost and increase in LOS.132 Comparing the LOS of a group of
patients with a particular HAI to a group of patients without the HAI is not useful because
differences unrelated to the HAI may exist between the two groups. In the matched method
listed previously, researchers try to limit the differences between the groups by selecting the
matching control for variables most likely to affect the outcome (e.g., age, sex, and
comorbidities).133 Graves and his associates pointed out that the disadvantage with this method
is that a researcher can only match a certain number of variables. Trying to match more than
four or five variables will increase the size of the pool exponentially (selection bias) and
matching too few variables can result in bias from omitted variables. He suggested doing
regression analyses with adjustment for patient characteristics, which has been a way to clear
the effects of an HAI.122
Another big issue is the timing of the infection. The most frequent mistake in previously
published evidence is the introduction of time-dependent information as time-fixed, on the
assumption that the impact of such exposure on the outcome was already present on
admission.121 Studies that disregard the time dependence of the infection greatly overestimate the
effect of the HAI on the extra length of hospital stay. Barnett and his associates showed that
ignoring the timing of the onset of the infection resulted in an LOS of 11.32 extra days. This
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number was reduced to 1.35 days when they accounted for the timing of the infection. The
consequences of this are compounded when extrapolating to economic costs.134
The Effect of Federal Payment Penalties on Poor Quality of Care and the Seeming
Reluctance of Hospitals to Invest in Patient Infection Control
Many value-based programs initially provided incentives for good quality of care
(usually determined by outcomes measures), but new legislations gave the CMS the authority to
not only reward good quality care but to penalize hospitals for poor quality of care.101 This P4P
idea was introduced in the United States to incentivize hospital investment in quality initiatives
that improve patient outcomes. Under Medicare, hospital payment for performance is determined
through scores that incorporate the rates of preventable conditions including HAIs.
Beginning in 2014, poorly performing hospitals receive a 1% reduction in Medicare
inpatient payments. This penalty increased to a maximum of 3% in 2018.135 Quality
improvement initiatives are the responsibility of the healthcare providers and this can be costly.
But due to the complicated structure of the payment policy for healthcare, cost sharing becomes
a common practice. Here, the penalty for poor performance may be shared between providers
and payers, including patients. This practice of cost sharing relieves the hospital of the total
effect of penalties or costs to treat infections and hence, it is a disincentive to spend resources to
improve infection control.135
The Interaction Between LOS and HAI
There is a two-way interaction between the probability of acquiring an infection and length of
stay in the hospital. Understanding this interaction is strategically important for hospital
administrators when formulating effective infection control programs. Several studies
demonstrate that infections lead to longer stay—mainly the time needed to treat the infection.
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But there are also formal studies that demonstrate that the longer the patient is hospitalized, the
greater the opportunity for that patient to experience the use of invasive medical devices that
may cause HAI, and the higher the probability that a nosocomial infection will occur.121 More
recent studies have taken into consideration this interdependence of LOS and the probability of
experiencing nosocomial infections. For example, Hassan and colleagues found that extending
the LOS by 1 day increases the probability of acquiring an infection by 1.37%, and the onset of
infection increases average LOS by 9.32 days.136 In addition to improving patient safety and
lowering costs, reducing LOS can release capacity of the system (including beds and staff time)
and improve throughput, enabling the hospital to serve more patients and improve the bottom
line.127
Shortcomings in the Current Literature
This review was done on patient safety with emphasis on the effect of the nonpayment
policy of the Deficit Reduction Act of 2005. Much of the research concentrated on the
economic impact and changes in the patients’ outcomes. There was, however, focus on specific
areas of concentration. There are publications on specific types of HACs like CAUTI and
surgical site infections. Other publications focused on specific locations within the hospitals,
mainly the intensive care units and the emergency departments. Few reports evaluated the
impact of the law on specific states, and there were even fewer national evaluations. There were
publications on the effect of the length of hospital stay on HACs, but there were no formal
studies on the impact that the nonpayment policy has on the length of hospital stay.
This study seeks to fill a gap in the literature around the potential effects of CMS
nonpayment policy on LOS among patients with an HAI.
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Chapter 3: Methods

I. Data Source and Definition of Dataset
This study employs the National (Nationwide) Inpatient Sample (NIS), which is part of a
family of databases developed for the Healthcare Cost and Utilization Project (HCUP) beginning
in 1988. HCUP databases are made up of administrative data that are collected through a
Federal-State-Industry partnership sponsored by the AHRQ. Together, they are the largest
available all-payer inpatient healthcare database in the United States, yielding national estimates
of more than 35 million hospitalizations each year. The NIS datasets used for this thesis contain
encounter-level, clinical, and nonclinical information including all listed diagnoses and
procedures, discharge status, patient demographics, and charges for all patients. NIS data inform
decision making at the national, state, and community levels.137
Each year of the dataset contains more than 100 clinical and non-clinical variables for
each discharge record and is collected in three databases. The “core” dataset contains
information on patient demographics, diagnosis, procedures, and other general information about
the hospital stay, the discharge status, and hospital cost. The “severity” dataset contains detailed
information on the patient health status, the severity of illness, the mortality risk, and
comorbidities. The “hospital” dataset contains information of the characteristics of the hospital—
bed size, teaching status, location, ownership, etc.138
This study uses 4 years of data. Data from 2 years (2006 and 2007) are used to represent
findings before the implementation of the HAC nonpayment policy following the DRA-2005.
Data from the other 2 years (2010 and 2011) are used to represent findings after the
implementation of the policy.
37

Selection of Data for Analysis
The dataset is large and contains many more variables and cases than are needed for this
study. Since this analysis is focusing on the hospital LOS associated with CAUTI, the data was
first cut along the diagnosis of CAUTI. Only patients with an International Classification of
Diseases Code 996.64, a diagnosis of CAUTI, were kept in the dataset. The next cut was done to
select the number of variables to be kept. Based on the literature review (Chapter 2), patient and
hospital characteristics are most likely to be associated with LOS. The patient specific variables
that were selected are age, sex, race, type of insurance, diagnosis, risk of mortality and severity
of illness. The hospital variables that were selected are bed size, location, region, teaching status,
and nurse staffing.
Merging the Different Years of Data
Once the variables were selected from each of the datasets, the three datasets (core,
severity, and hospital) were merged to form one dataset for the whole year. This procedure was
duplicated for each of the 4 years. The data was then inspected to make sure that labels for each
variable for each year match. In cases where the labels do not match, variables were renamed to
ascertain that the same variable with two different labels are not perceived as different during
analysis. This step is also necessary for accurate merging of the data.
Datasets for years 2006 and 2007 were then merged to form a dataset representing data
before the DRA-2005 policy was put in place (No Policy). Datasets for years 2010 and 2011
were similarly merged to form a dataset representing data after the DRA-2005 policy was put in
place (Policy in Place). The data for the 4 years were then concatenated to form our final dataset.
Concatenation is a process in which a series of datasets are tagged onto each other forming a
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single dataset. The number of observations in the final dataset is the sum of the number of
observations in original datasets.
Final Selection of Data for Analysis
Some preliminary inspection of data and initial analysis for descriptive statistics
prompted a few changes in the selection of the data. Since this study deals with adult patients and
there were few individuals who were less than 18 years of age with a CAUTI, all individuals less
than 18 years of age were removed from the study. Also, individuals who stayed more than 60
days in the hospital were removed from the study for two reasons: there were only very few
patients who stayed more than 60 days in the hospital, and CMS will reimburse hospitals for the
first 60 days.138 Statistically, removing these two groups of patients also reduced the skewness of
the data.
In summary, our data for analysis is made up of patients discharged from acute care
hospitals. They are over 18 years old, stayed in the hospital for up to 60 days, and developed a
CAUTI. Over this 4-year period, 51,427 patients were analyzed. The following section includes
a representation of the major steps taken in handling the datasets (Figure 2).
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Figure 2
Major Steps in the Handling of the Data
Research Questions

Conceptual Framework

Data Acquisition

Select Variables

Rename to
Standardize

Core

Severity

Hospital
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year 1

Repeat for 4 years

Merge years 1 & 2
Before Policy

Merge years 3 & 4
Policy in Place
Recode to Categorize
Code for Dummy Variables

Data Analysis

Descriptive Statistics
Estimations
Predictions
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Variable Creation and Definition
Dependent Variables
LOS is the dependent variable in this study. It was looked at in a number of different
ways, with a different variable created to represent each variation on LOS.
•

LOS: A continuous variable, ranges from 0–365 days. Patients with values of over

60 were excluded from the study.
•

LOS Top 5: LOS was first ranked and values that were 95% and under were

coded as “0,” and values over 95% were coded as “1.” The patients with a value of “1”
were in the top 5% of LOS.
•

LOS Category 3: Hosp_Stay is a new variable that categorized LOS into three

groups:
o

Group 1: Short Length of Stay (Bottom 10% of LOS)

o

Group 2: Medium Length of Stay (Middle 80% of LOS)

o

Group 3: Long Length of Stay (Top 10% of LOS)

Independent Variables (Patient Characteristics)
The AGE variable is categorized as follows:
Group 1 = 18–44 yrs.
Group 2 = 45–64 yrs.
Group 3 = 65–84 yrs.
Group 4 = 85+ yrs.
The RACE variable includes the patient race and ethnicity. It is categorized as follows:
Group 1 = White
Group 2 = Black
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Group 3 = Hispanics
Group 4 = Others (combination of Asian or Pacific Islander, Native American and
Other categories)
Medical Insurance is categorized as follows:
•

Four Groups
Group 1 = Medicare
Group 2 = Medicaid
Group 3 = Private Insurance
Group 4 = No Insurance (combination of self-pay and no insurance)

•

Two Groups
Group 1 = Insurance (combination of all insurance types)
Group 2 = No Insurance

Patient Health is categorized as follows:
•

Risk of Mortality
Group 1 = Minor to Moderate Risk of Dying
Group 2 = Major Risk of Dying
Group 3 = Extreme Risk of Dying

•

Severity of Illness
Group 1 = Minor to Moderate Loss of Physical Function
Group 2 = Major Loss of Physical Function
Group 3 = Extreme Loss of Physical Function

Independent Variables (Hospital Characteristics)
The Size of the Hospital is categorized as follows:
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Group 1 = Small
Group 2 = Medium
Group 3 = Large
Location of the Hospital refers to whether the hospital is located in a rural or urban
setting. This variable is categorized as follows:
Group 1 (value of 0) = Rural
Group 2 (value of 1) = Urban
Hospital Regions are defined by the U.S. Census Bureau. According to the HCUP’s
notes, this stratifier is important because it has been shown that practice patterns vary by region.
Region is grouped as follows:
•

Four Groups
Group 1 = Northeast
Group 2 = Midwest
Group 3 = South
Group 4 = West

•

Two Groups
Group 1 = East (Northeast and South)
Group 2 = West (Midwest and West)

The teaching status of the hospital simply designates whether the hospital is a teaching
hospital or not. This variable has been categorized as follows:
Group 1 (value of 0) = Non-teaching
Group 2 (value of 1) = Teaching
Nurse Staffing is categorized as follows:
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•

The number of full-time registered nurses per 1,000 inpatient days
Group 1 = <3
Group 2 = 3–4
Group 3 = 4–5
Group 4 = 5+

•

The percentage of registered nurses among other nurses
Group 1 = <70%
Group 2 = 71%–80%
Group 3 = 81%–90%
Group 4 = >90%

The NO_POLICY Variable: To be able to compare results of analyses before and after
the nonpayment was put in place, the No Policy variable was created: No Policy = 1 represents
results before the policy was put into place (years 2006 and 2007 of the data) and Policy in Place
= 0 represents results after the policy was put into place (years 2010 and 2011 of the data).
II. Analysis of Data
We used SAS version 9.4 (Cary, North Carolina) statistical software. SAS PROC format
procedure was universally used to ensure that the output was properly labeled.
Descriptive Statistics
For the continuous variables, LOS and AGE, tables of mean, median, standard deviation,
and range were generated (SAS PROC means). Because CMS fully pays for the 60 days of
hospital stay,139 patients who stayed more than 60 days in the hospital were removed from the
study. Histograms were generated for these variables.
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For the categorical variables, tables with the number and percentage were generated. For
those variables where the numbers were comparatively few, groups were combined. For
example, there were few patients who were classed as having minor risk of dying and few
classed as having moderate risk of dying. These two categories were combined to form the
category “minor–moderate risk of dying.” Similarly, minor loss of physical function was
combined with moderate loss of physical function to form the category “minor–moderate loss of
physical function.” Bar graphs were generated for these variables.
Bivariate Analysis
We generated tables to show the relationship between LOS and all the variables. These
tables contain the mean, standard deviation, and p-values for all the relationships. Depending on
the categories of the variables, p-values were recorded using one of the following tests: the
Wilcoxon Mann-Whitney U (Mann-Whitney U) test, analysis of variance (ANOVA), or the
Kruskal-Wallis test.
Because the dependent variable, LOS, is continuous but not normally distributed, the
Mann-Whitney U test was used to compare differences between variables that have two
categories. These variables include hospital location (rural or urban), hospital teaching status
(teaching or non-teaching), hospital region (east or west), insurance (insurance or no insurance),
sex (male or female), and policy (no policy or policy in place).
Wherever the variables have more than two categories, the ANOVA test was used. These
variables include age_group (four categories), insurance_group (four categories), risk of dying
(four categories), loss of physical function (three categories), hospital size (three categories),
hospital region (four categories), number of full-time registered nurses (four categories), and the
percent of registered nurses among other nurses (four categories). In case the ANOVA
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assumptions were violated, the Kruskal-Wallis test is often considered a nonparametric
alternative to a one-way ANOVA.
Regression Analyses
Several models were fitted to assess the relationships of the LOS while controlling for
each independent variable.
Multiple Linear Regression
Because LOS is not normally distributed, a log transformation of the LOS was
performed. Since SAS does not handle log of 0 very well, the “SAS community” 140 suggests
adding 1 to the LOS before doing the log transformation. The log-transformed data was used to
run a Multiple Linear Regression analysis using the transformed data as the dependent variable.
Here again, the regular linear regression model could not be used because such models are
appropriate for cases where the dependent variable is continuous and normally distributed and
there are no class variables among the independent variables. Most of the independent variables
in our dataset are categorized, hence the better option was to use the General Linear Model
(PROC GLM SAS Procedure).141, 142 In fact, three different models were tried:
•

PROC GLM and remove variables that did not contribute to the model manually

•

PROC GLM with a backward selection option to remove variables that did not

contribute to the model automatically
•

PROC GENMOD procedure that is known to handle dependent variables that

have non-normal distribution of its residuals141, 143
All three models eliminated the same variables (SAS PROC GLM, PROC
GLMSELECT, PROC GENMOD).
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Logistic Regression Analysis
This part of the analysis was done in several phases:
•

Hypothesis: Patients in the post-DRA-2005 group will have decreased odds of

having a very high (top 5%) LOS
•

p-value: p = 0.01 was chosen

•

“No Policy” is the reference

Initial Logistic Regression Analysis
A logistic regression analysis was run with top_five_percent length of stay as the
response (dependent) variable and age_group, pay_group, race_group, aprdrg_severity_group,
aprdrg_risk_mortality_group, hosp_bedsize, hosp_region, hosp_rnfteapd_group,
hosp_rnpct_group, hosp_location, female, hosp_teach, and no_policy as the explanatory
(independent) variables.
Logistic Regression Analysis with Backward Elimination
Another logistic regression analysis was done, this time using backward elimination of
variables. Variables hosp_teach and hosp_rnfteapd_group were not significant contributors to the
model. Therefore, hosp_teach and hosp_rnfteapd_group were removed from the model.
Final Model for Logistic Regression Analysis
With further inspection of the data, the model was made more parsimonious by doing the
following:
1.

Removed race_group from the model: This variable (1) had many missing

values, (2) had a count of Whites drastically higher than the counts of the remaining
races, which caused an imbalance in the dataset, and (3) does not biologically or
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otherwise determine if a patient will receive a catheter or have a CAUTI and therefore
affect their LOS.
2.

Created new variable named Insurance: depicts Insurance or No insurance.

Insurance means that the patient used a form of medical insurance to pay the hospital bill;
no insurance means that no insurance was used. It is possible that a patient under self-pay
and no charge could have had insurance, but it could not be or was not used.
3.

Created new variable named Region: depicts East (Northeast and South) and

West (Midwest and West).
A logistic regression was run with the remaining and new variables, which are
age_group, female, insurance, aprdrg_severity_group, hosp_bedsize, region, hosp_location,
hosp_rnpct_group, and no_policy (SAS PROC logistic). A Receiver Operator Characteristic
(ROC) curve was generated for this procedure.
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Chapter 4: Results and Interpretation

Descriptive Statistics
This study focuses on the 51,427 patients 18 years of age and older in the NIS datasets
for 4 years (2006, 2007, 2010, and 2011) who were diagnosed as having hospital-acquired
CAUTI.
The number of patients in each year is listed in Table 1. Note that patients were excluded
from this study if they were under 18 years of age or had a LOS of greater than 60 days.

Table 1
Preliminary Data
2006 Dataset

2007 Dataset

2010 Dataset

2011 Dataset

# of Patients

8,074,825

8,043,415

7,800,441

8,023,590

# Excluded

8,065,547

8,033,627

7,784,932

8,006,738

# Included

9,278

9,788

15,509

16,852

# of Hospitals

1,045

1,044

1,051

1,049

The main dependent variable in this study is patient hospital LOS, both as a continuous
variable and as a dichotomous variable (top 5% vs. bottom 95%). All of the included patients
acquired CAUTI, a type of HAI, during their hospital stay. The literature review, detailed in
Chapter 2, linked hospital-acquired infections with LOS. The longer the patient stays in the
49

hospital, the greater the odds of acquiring an infection. With the prevailing focus on patient
safety, it is anticipated that hospital administrators would institute policies to reduce the length of
stay without sacrificing the quality of care. Such policies would reduce the rate of hospitalacquired infections and thus improve patient safety.
Length of Hospital Stay
Length of stay is measured as the number of days patients spend in the hospital. Length
of stay is examined in three different ways in this study: as a continuous variable, as a
dichotomous variable (top 5% vs. bottom 95%), and as a categorical variable (short stay =
bottom 10% of LOS; average stay = middle 80% of LOS; long stay = top 10% of LOS). As
shown in Table 2, the mean LOS of patients is 8.2 days, the median is 6.0 days, and the range is
0–60 days. When examined in categories, 3.8% had a short stay, 85.8% had an average stay, and
10.4% had a long stay.
Table 2
Length of Stay
n = 51,427
Length of Stay (LOS)
Mean (STD)
Median (Range)
LOS by category
Short Stay (bottom 10%
LOS)
Average Stay (middle 80%
LOS)
Long Stay (top 10% LOS)
LOS by category
Top 5%
Not top 5%

8.2 (7.8)
6.0 (0–60)

3.8%
85.8%
10.4%

5.1%
94.9%

Patient Characteristics
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Table 3 shows the sociodemographic and health characteristics of the patients. The study
sample is roughly three-quarters White, the majority are age 65 or over (75%), and over half are
male (58.4%). Most use Medicare as their primary medical insurance (79.2%), with the rest
using private insurance (9.6%), Medicaid (8.8%), or have no insurance (2.7%). The majority of
the patients have severe health problems. Over half are assessed to be severely ill (53.7%, with
major loss of physical function), and almost half are assessed to have an extreme risk of
mortality (38.7%).

Table 3
Socioeconomic and Health Characteristics of Patients
Variable
Total n (%)
Sex
Males
Females

51,423

Age Group
18–44
45–64
65–84
85+

51,427

Race
White
Black
Hispanic
Others

43,012

Payment Method
Medicare
Medicaid
Private
Other

51,338

Insurance
Insurance

51,338

30,047 (58.4)
21,376 (41.6)

4,514 (8.8)
11,592 (22.5)
23,988 (46.7)
11,333 (22.0)

32,081 (74.6)
6,794 (15.8)
2,390 (5.6)
1,747 (4.1)

40,660 (79.2)
4,266 (8.3)
5,009 (9.8)
1,403 (2.7)

49,935 (97.3)
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No Insurance

14,03 (2.7)

Severity of Illness
Minor–Moderate
Major
Extreme

51,427

Risk of Mortality
Minor–Moderate
Major
Extreme

51,427

8,750 (17.0)
27,603 (53.7)
15,074 (29.3)

20,205 (39.3)
19,905 (38.7)
11,317 (22.0)

Hospital Characteristics
Table 4 presents the characteristics of the hospitals from which the patients were
discharged. The majority of patients were treated in urban settings (86.4%) and in large hospitals
(63%). Over half (56.0%) of the patients were admitted to hospitals in the East (Northeast and
South regions) and 22,633 (44%) were admitted to hospitals in the West (Midwest and West
regions). A large minority were treated in non-teaching hospitals (55.7%). In terms of staffing,
three-quarters of the patients were treated in hospitals where more than 90% of the nurses were
registered nurses. A little more than half (53.7%) of the patients were treated in hospitals that
have less than four full time equivalent registered nurses per 1,000 patient days.

Table 4
Characteristics of the Hospitals used in this Study
Variable
Total n (%)
Hospital Size
51,041
Small
6,831 (13.4)
Medium
12,062 (23.6)
Large
32,148 (63.0)
Hospital Location
Rural
Urban

51,041
6,917 (13.6)
44,124 (86.4)
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Hospital Region
East (Northeast &
South)
West (Midwest &
West)

51,427

Hospital Teaching
Status
Non-Teaching
Teaching

51,041

Full Time RN/1,000
days
<3
3–4
4–5
5+

42,149

%RN among Nurses
<70%
71–80%
81–90%
>90%

42,149

28,794 (56.0)
22,633 (44.0)

28,429 (55.7)
22,612 (44.3)

11,280 (26.8)
11,349 (26.9)
10,085 (23.9)
9,435 (22.4)

3,928 (9.3)
1,397 (3.3)
5,172 (12.3)
31,652 (75.1)

Bivariate Analysis
Length of Stay and HAC Policy
Table 5 and Figure 3 show the mean LOS before the policy was instituted and after the policy
was in place. The mean LOS decreased by about half a day after the policy was put in place.
From the scatter plot, the mean LOS distribution was haphazard before the policy was instituted
but showed a definite downward trend after the policy was in place.
Table 5
Mean LOS and the HAC Policy
Variable
Description

Mean LOS (STD)

No_Policy—Before the
policy was in place

p-value
<.0001

No Policy
Policy in Place

8.54 (8.2)
8.0 (7.6)
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Figure 3
Plot of the Mean LOS Before and After the Policy

Length of Stay and Patient Variables
As shown in Table 6, all of the patient characteristics are significantly associated with
LOS at p ≤.01. The differences are also large enough to be relevant from a clinical and policy
perspective. Overall, women have longer mean LOS than men (8.9 vs. 7.6 days), Whites had a
shorter LOS than other groups, with Blacks and people of “other” ethnic groups having the
longest stays. Younger patients had a longer length of stay than older patients, and those with no
insurance had an LOS that was almost 2 days longer than those using Medicare.
Patients with extreme loss of function spent more time in the hospital than those who had minor
to moderate loss of function (11.9 vs. 5.0 days). Similarly, patients with extreme risk of dying
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spent much more time in the hospital than those with minor to moderate risk of dying (11.5 vs.
6.5 days).

Table 6
Mean LOS and Patient Characteristics
n = 51,427
Variable
Description
Sex
(Mann-Whitney U)
Males
Females
Race
(ANOVA)

Age
(ANOVA)

Insurance_Group
(ANOVA)

Insurance
(Mann-Whitney U)
Severity of illness
(Loss of Physical
Function)
(ANOVA)

Risk of Mortality
(Likelihood of Dying)
(ANOVA)

Mean LOS (STD)

p-value
<.0001

7.6 (7.4)
8.9 (8.3)
<.0001

White
Black
Hispanic
Others

8.1 (7.7)
8.9 (8.5)
8.4 (8.4)
9.7 (9.5)
<.0001

18–44
45–64
65–84
85+

8.6 (9.2)
8.8 (8.8)
8.3 (7.7)
7.1 (6.2)
<.0001

Medicare
Medicaid
Private
None

7.8 (7.3)
8.7 (9.2)
9.5 (9.7)
9.9 (10.1)

Insurance
No Insurance

8.1 (7.7)
9.95 (10.0)

Minor–Moderate

5.0 (4.4)

Major
Extreme

7.1 (6.2)
11.9 (10.2)

Minor–Moderate
Major

6.3 (5.9)
8.2 (7.5)

<.0001

<.0001

<.0001
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Extreme

11.5 (9.9)

Length of Stay and Hospital Characteristics
Table 7 shows the relationship between LOS and hospital variables. Most of these
relationships are statistically significant with meaningful differences in LOS, with the exception
of the nursing variables. Patients who were admitted to hospitals in an urban setting spent an
average of 2 days more in the hospital than those who were admitted to hospitals in a rural
setting: 8.4 (STD 8.1) days vs. 6.5 (STD 5.4) days respectively. Also, patients admitted to
hospitals in the East spent an average of 1 day more in the hospital than those who were admitted
to hospitals in the West: 8.6 (STD 8.1) vs. 7.6 (STD 7.4) days respectively. It should be noted
that other hospital characteristics had small but significant roles in determining the length of
patient stay.

Table 7
Mean LOS and Hospital Characteristics
n = 51,427
Variable
Description
Hosp_Bedsize
(ANOVA)

Location
(Mann-Whitney U)

Hosp_Region
(ANOVA)

Mean LOS (STD)

p-value
<.0001

Small
Medium
Large

8.0 (8.2)
7.6 (7.1)
8.4 (7.9)
<.0001

Rural
Urban

6.5 (5.4)
8.4 (8.1)
<.0001

Northeast
Midwest
South
West

8.6 (8.3)
7.6 (6.9)
8.5 (8.0)
7.6 (7.9)
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Region
(Mann-Whitney U)

Teaching
(Mann-Whitney U)

Full Time Equivalent
Registered Nurses
Per 1000 days
(ANOVA)

Percent of Registered
Nurses among all
nurses
(ANOVA)

<.0001
East (Northeast &
South)
West (Midwest &
West)

8.6 (8.1)
7.6 (7.4)

<.0001
Non-Teaching
Teaching

7.9 (7.5)
8.5 (8.2)
.096

<3
3–4
4–5
5+

8.1 (7.7)
8.0 (7.5)
8.2 (8.0)
8.1 (7.9)

<70%

8.4 (7.9)

71–80%
81–90%
>90%

8.4 (8.7)
7.8 (7.3)
8.1 (7.7)

0.005

Linear Regression Analysis
The log-transformed LOS is used for the multiple linear regression analyses. The
distribution of LOS as shown in the histogram of the mean LOS in Figure 4 is negatively
skewed. Log transforming the data tends to make the data more “normal” or symmetric. This
helps to meet the assumption of normality that is needed in linear regression analysis. In this
case, the log transform was successful, and the histogram of the mean LOS in Figure 5 is much
closer to a normal distribution than the non-transformed data. This log-transformed data which
follows a normal or near-normal distribution make the interpretation of the results more valid
because the statistical assumptions behind the linear regression model are not violated, and
inferences about the data analysis become more valuable.140
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Figure 4
Histogram of Mean LOS
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Figure 5
Histogram of Transformed LOS data

Interpretation of Findings of the Linear Regression Analysis using a Log-Transformed LOS
Interpreting the results of the log-transformed data can be very complicated and certainly
much more difficult to understand. A common solution offered by statisticians is to exponentiate
the beta values of the various predictor variables and then transform the results into percentages.
Table 8 shows the results of the linear regression analysis of the transformed data. The DRA2005 policy had a significant effect on LOS that remained after controlling for patient and
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hospital characteristics. Overall, there is an 11.3% decrease in the mean LOS after the policy was
put in place.
As expected, patient characteristics are strongly associated with LOS. There is an 82.2%
increase in the mean LOS in patients with extreme loss of function when compared to patients
with minor to moderate loss of function. There is also a 12.2% decrease in mean LOS in male
patients when compared to female patients. Other patient characteristics have smaller,
statistically significant changes in the mean LOS. For example, the mean LOS of patients in age
group 45–64 is 3% more than patients in age group 18–44, and the mean LOS is 7.7% less in
patients with insurance when compared to patients without insurance.
Some hospital characteristics were more significant drivers for differences in mean LOS.
The mean LOS decreased by 13.1% in patients who were treated in rural hospitals and hospitals
located in the West region when compared to those treated in urban hospitals and hospitals in the
East region. Also, the mean LOS increased by 8.3% in hospitals where the percent of registered
nurses was between 70 and 80 when compared to LOS in hospitals where the percentage of
registered nurses was over 90. Other hospital characteristics affect smaller but significant
changes in LOS. For example, the mean LOS of patients who were treated in small hospitals
decreased by 3.9% when compared to patients who were treated in large hospitals.

Table 8
Linear Regression Analysis using Log-Transformed LOS as Dependent Variable
**
Estimate Standard 99%
Error
Confidence
Limits
Intercept
1.93
0.02
1.87
1.99
Sex
Male
0.88/-12.2% -0.13
0.01
-0.15 -0.12
Female (reference group)
0.00
.
.
.
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p-value

<.0001
<.0001
.

Age Group
45–64
1.03/3.0%
65–84
1.0/0%
85+
0.93/-6.7%
18–44 (reference)
Insurance
Insured
0.92/-7.7%
Uninsured (reference)
Patient Health
Extreme Loss of Function
1.82/82.2%
Major Loss of Function
1.28/28.4%
Minor to Moderate Loss of Function
(reference)
Extreme Likelihood of Dying
1.13/12.75%
Major Likelihood of Dying
1.06/6.2%
Minor to Moderate Likelihood of
Dying (reference)
Hospital Size
Medium
0.94/-5.8%
Small
0.96/-3.9%
Large (reference)
Hospital Location
Rural
0.87/-13.1%
Urban (reference)
Hospital Region
West
0.87/-13.1%
East (reference)
Hospital Nurse Staffing
<70% RNs among other nurses
1.01/1.0%
[70–80)% RNs among other nurses
1.08/8.3%
[80–90)% RNs among other nurses
1.03/3.0%
90%+ RNs among other nurses
(reference)
Policy
Policy in Place
0.89/-11.3%
No Policy (reference)
** Exponentiated beta values/percentage change

61

0.03
0.00
-0.07
0.00

0.01
0.01
0.01
.

0.00
-0.03
-0.10
.

0.06
0.03
-0.03
.

.0165
.847
<.0001
.

-0.08
0.00

0.02
.

-0.13
.

-0.03
.

<.0001
.

0.60
0.25
0.00

0.01
0.01
.

0.56
0.22
.

0.63
0.27
.

<.0001
<.0001
.

0.12
0.06
0.00

0.01
0.01
.

0.09
0.04
.

0.16
0.08
.

<.0001
<.0001
.

-0.06
-0.04
0.00

0.01
0.01
.

-0.08
-0.06
.

-0.04
-0.02
.

<.0001
<.0001
.

-0.14
0.00

0.01
.

-0.16
.

-0.11
.

<.0001
.

-0.14
0.00

0.01
.

-0.15
.

-0.12
.

<.0001
.

0.01
0.08
0.03
0.00

0.01
0.02
0.01
.

-0.02
0.03
0.00
.

0.04
0.13
0.06
.

.2922
<.0001
.0021
.

-0.12
0.00

0.01
.

-0.13
.

-0.10
.

<.0001
.

Logistic Regression Model of LOS
This model was run after preliminary models forced the manual elimination of variables
that were not significant. These include race, teaching status of the hospital, and staffing of fulltime registered nurses. Applying a backward selection model automatically eliminated the same
variables.
Thirty percent of the observations were removed because of missing values. Data on
nurse staffing started in 2007. Analyses that include 2006 data looked at the nurse staffing data
as missing and ignored those observations.

Number of Observations Read

51,427

Number of Observations Used

41,702

Response Profile
Ordered
Value

Total
Top_Five_Percent Frequency
1 Other LOS
2 Top 5% LOS

39,644
2,058

SAS used various measurements to assess the model fit. All three model fit statistics were
very close, indicating that we can use the model to make statistical inferences.140 The ROC
statistics shown below also collaborated this assumption.
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Model Fit Statistics
Intercept

Intercept and

Criterion

Only

Covariates

AIC

16399.004

14286.186

SC

16407.643

14476.229

-2 Log L

16397.004

14242.186

An ROC curve shows the relationship between a true-positive rate (Sensitivity) and a
false-positive rate (1-Specificity). A curve that is closer to the diagonal line is less accurate.
Better performance of the model is indicated by a curve that moves towards the upper left and
away from the diagonal line which is the 0.5 line144. Results of our analysis (Figure 6 below)
shows a curve that is moving away from the diagonal line. The accuracy of our final model is
0.7831(78.31%) indicating that the results are significantly better than chance.
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Figure 6
The ROC Curve

Interpretation of Findings of the Logistic Regression Analysis
The results of the final logistic regression analysis are recorded in Table 9. The DRA2005 policy has a significant effect on the odds of having a long LOS. The odds of being in the
top 5% LOS after the policy was instituted significantly less than the odds of being in the top 5%
LOS before the policy was in place (odds ratio [OR] = 0.61, confidence interval [CI]: 0.54–0.71).
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Patient health seems to have the greatest effect on the hospital LOS. The odds of a patients with
extreme loss of physical function being in the top 5% LOS are 13.49 (CI: 8.96–20.91) times the
odds of patients with minor to moderate loss of function (the reference group). The sex, age, and
insurance status had small but significant effects on the LOS. For example, the odds of a patient
45–64 years of age being in the top 5% LOS are 0.82 (CI: 0.67–1.01) times the odds of patients
in age group 18–44 (the reference group). Similarly, the odds of patients using no insurance and
being in the top 5% LOS are 0.59 (CI: 0.44–0.80) times the odds of those using insurance (the
reference group).
The hospital characteristic that affected the length of stay most was the percentage of
registered nurses in the facility. In hospitals where the percentage of registered nurses was in
between 70% and 80%, the odds of being in the top 5% LOS are 2.30 (CI: 1.67–3.12) times the
odds of being in the top 5% LOS where the percentage of registered nursed is over 90% (the
reference group). Other characteristics like size, location, and region of the hospital have small
but significant effects on the length of hospital stay.

Table 9
Logistic Regression using Top 5% LOS as Dependent Variable
OR
CI
CI
Estimate
(Lower (Higher
Level) Level)
Intercept
-3.43
Sex
Male
0.64
0.56
0.72
-0.23
Female (reference group)
Age Group
45–64
0.82
0.67
1.01
0.26
65–84
0.57
0.47
0.70
-0.10
85+
0.34
0.26
0.43
-0.63
18–44 (reference)
65

Standard
Error

p-value

0.09

<.0001

0.02

<.0001

0.04
0.04
0.06

<.0001
.011
<.0001

Insurance
Uninsured
Insured (reference)
Patient Health
Extreme Likelihood of Dying
Major Likelihood of Dying
Minor–Moderate Likelihood
of Dying (reference)
Extreme Loss of Function
Major Loss of Function
Minor–Moderate Loss of
Function (reference)
Hospital Size
Medium
Small
Large (reference)
Hospital Location
Rural
Urban (reference)
Hospital Region
West
East (reference)
Hospital Nurse Staffing
<70% RNs among other
nurses
70–80% RNs among other
nurses
80–90% RNs among other
nurses
90+ (reference)
Policy
Policy in Place
No Policy (reference)

0.59

0.44

0.80

-0.26

0.06

<.0001

1.36
1.00

1.06
0.81

1.74
1.23

0.20
-0.10

0.05
0.04

<.0001
.0041

13.49
3.36

8.96
2.32

20.91
5.06

1.33
-0.06

0.07
0.06

<.0001
.2987

0.67
1.15

0.57
0.96

0.79
1.36

-0.31
0.22

0.04
0.05

<.0001
<.0001

0.31

0.23

0.41

-0.59

0.06

<.0001

0.67

0.59

0.75

-0.20

0.02

<.0001

1.19

0.97

1.45

-0.11

0.06

.076

2.30

1.67

3.12

0.55

0.09

<.0001

1.15

0.93

1.40

-0.15

0.06

.0208

0.61
.

0.54
.

0.71
.

-0.24
.

0.03
.

<.0001
.
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Chapter 5: Discussion and Conclusion

Summary of Results in the Context of Previous Research
The primary aim of this study is to evaluate the impact of the DRA-2005, a federal law
which instituted a nonpayment policy for Medicare and Medicaid patients for the treatment of
patients with an HAI, on hospital LOS. The hypothesis is that the policy will give hospitals a
powerful financial incentive to increase efficiency and reduce the length of stay. By doing so,
administrators will indirectly improve patients’ outcomes by reducing HAIs. The results of the
analysis showed that LOS actually decreased by an average of half a day from before the policy
to after the policy was put in place. This may not appear to be significant at first, especially when
some researchers assert that the policy did not make any difference as far as CAUTI is
concerned.33, 55 However, a modest decrease in LOS may have a substantial impact on patients’
lives, health care costs, and hospital inpatient capacity. The importance of inpatient bed capacity
and surge capacity (the ability to serve a large, sudden influx of patients) has been the topic of
health policy discussions for over a decade. In 2011, the American College of Emergency
Physicians published guidelines to establish/increase surge capacity145. Although these
discussions focused on emergency room overcrowding and inadequate intensive care units, the
COVID-19 pandemic has highlighted how little the U.S. healthcare system is prepared for surge
capacity.
A number of studies find that minor increases in LOS can have devastating effects on
patients’ outcomes. Hassan and colleagues (2010) found that extending the LOS by 1 day
increases the probability of acquiring an infection by 1.37%—and that the infection itself
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increases the average LOS by 9.32 days.136 Agrawal and colleagues estimate that if a 300-bed
hospital with an average LOS of 4 days can reduce LOS by 5% (5 hours), it can treat over 1,350
more patients each year. This translates into a considerable increase in patient access and
millions of dollars in additional income from the same fixed capacity.127 When inpatient access
becomes critical, such as in the COVID-19 pandemic, this additional capacity may be
lifesaving.155 Policies that increase the efficient and effective treatment of patients, even if
accompanied by modest decreases in LOS, result in a win-win situation for all.146
A second aim of this study is to assess which hospital characteristics may have
contributed to the observed reduction in LOS over time. The number of nurses in the hospital
was not significant in the length of stay, but most other hospital characteristics have varying but
significant effects on the LOS. The geographic location of the hospital was a significant factor;
patients admitted to urban hospitals have an average LOS that is 2 days longer than those
admitted to rural hospitals. Additionally, patients admitted to hospitals in the eastern region of
the United States have an average LOS that is 1 day longer that patients admitted in the western
region. Hospital bed size and teaching status have minor but significant effects on LOS.
This study also examines the effects of patient characteristics that are associated with
LOS. The results showed that patient health had the most influence on LOS. Patients with
extreme loss of function spent an average of almost 7 days more in the hospital than those with
minor to moderate loss of function. Patients with an extreme risk of dying have an average LOS
that is 5 days longer than those with minor to moderate risk of dying. The findings were
collaborated by the works of Liu (2001), Khosravizadeh (2016), Launay (2018), and other
researchers around the world.
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Regression analyses are used to explore how all of these factors contribute to LOS when
considered together. A group of particular interest is those who have very high LOS compared to
other patients. Logistic regression analysis identified characteristics that differentiated those in
the top 5% of LOS from the rest of the patients. The HAC Policy has a small but significant
effect on the length of hospital stay. This analysis also finds that patient health has the greatest
effect on the length of hospital stay. Hospital characteristics, such as the percent of nurses in the
facility who are RNs, also had a substantive effect. Other patient and hospital characteristics
have small but significant effects on the length of hospital stay.
Linear regression analysis done on log-transformed data supported the above results. The
HAC Policy has a small but significant effect on the length of hospital stay. There is an 11.3%
decrease in the mean LOS after the HAC Policy was put in place. A much greater effect was
seen in patients with health issues. There is an 82.2% increase in the mean LOS in patients with
extreme loss of function when compared to patients with minor to moderate loss of function.
Also, the mean LOS increased by 8.3% in hospitals where the percent of registered nurses was
between 70% and 80% when compared to LOS in hospitals where the percentage of registered
nurses was over 90%.
Limitations
The most important limitation of this study is the lack of a true control group. It is very
possible that the focus on patient safety since the IOM report and public awareness stimulated
interest in better patient outcomes, and hospitals administrators were trying to reduce infection
rates even before and independent of the DRA-2005. Another limitation is that this study only
examined patients with CAUTI. It is very possible that hospital administrators focus less on
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CAUTI because it is not as incapacitating as other infections like ventilator-associated
pneumonia, and CAUTI costs less to treat.33, 147, 148
A third limitation is using administrative data: The accuracy of recording the diagnosis
may be a factor. With the ICD-9 coding system there are different codes for very similar
conditions, and there is enough room for coding inaccuracies. It is possible that CAUTI is underreported in the database used by this study.
Meddings and associates (2012) reported that at least 40% of Medicare patients use a
urinary catheter during their hospital stay, yet only 2.6% of CAUTI found by reviewing medical
records were reported in claims data.59 Similar findings were reported by other researchers.60, 149
McNair and associates pointed out that the annual payment reduction to hospitals was negligible,
amounting to $1.1 million nationwide, and unless modifications are made in the coding system
(and penalties), hospital administrators will not be inclined to put funding into infection
control.61 A fourth limitation is the lack of data on the amount and quality of the nursing staff in
2006. We cannot tell how this gap in the data affected the outcome of the analysis. The validity
of the study is predicated on the accuracy of the Diagnosis Related Group (DRG) coding.
Medical coders can only code from information in the medical record documented by a provider
(physicians, physician assistants, and nurse practitioners). This means that nursing notes that
might include information related to HAIs will not be coded.
Policy Implications
This study supports the use of federal payment/nonpayment policy to influence hospital
behavior. As discussed in Chapter 1, one of the biggest risk factors for HAIs is the length of time
the patient stays in the hospital. The study shows that the DRA-2005 policy did have a
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significant effect on the LOS. There was an 11.3% decrease in the mean LOS after the policy
was put in place.
Most policy makers want to implement policies that work to achieve the intended goal.
This study helps to provide evidence that federal policy can result in a decrease in LOS for
Medicare and Medicaid patients. Because policy makers were traditionally not confident with the
results of the research, they paid little attention to the large amounts of data researchers make
available to them150. However, prevailing pressure to reduce avoidable patient harm and
disparities in health care, together with the expectations on an information-savvy public, policy
makers are increasingly incorporating research data into their decision processes.
Future Research
This study uses the Donabedian model of health care quality as its organizing
framework. The model itself is well-suited to these types of studies and increases clarity in
describing how the variables relate to one another. Although there are many other models used
to evaluate health policies, this simple model was very effective in systematically describing
the effect the policy has on health outcomes and is recommended for future studies.
CAUTI are generally considered avoidable, and the DRA-2005 intended to encourage hospital
administrators to boost infection control to reduce CAUTI rates and avoid financial loss. Other
studies on the effect of the policy on CAUTI rates are mixed but most reported insignificant
drop in the rates. Even the CDC statistics showed no change in overall infections 5 years after
the policy was instituted. Research has shown that the financial penalties to hospitals are
insignificant mainly because of coding issues. Unless the coding issues are fixed, hospital
administrators will not feel the financial pressure and thus, they will not expend the funds to
improve infection control.151, 35
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Since 2011 (the last year of data employed in this study), there have already been efforts
to block some of the loopholes. The HAC Reduction Program of the Affirmative Care Act,
using different formulations for evaluating and penalizing poor performance (HAC scores), and
public display of performance (Hospital Compare) will force hospital administrators to pay
more attention to infection control and health outcomes. Revisions in the ICD coding system to
make codes more specific will also deter manipulation of the codes to evade penalties. Future
research using similar theoretical framework will be needed to show what differences, if any,
the nonpayment policy made on health outcomes.
Conclusion
Overall, the study findings support the hypothesis that a policy change (DRA-2005) is
significantly associated with lower LOS in CAUTI patients when controlling for hospital and
patient characteristics that are also associated with LOS. A decrease in LOS can be translated
into cost savings for the hospital, better patient outcomes, and increased hospital capacity,
something so desperately needed in the wake of the current COVID-19 pandemic152.
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Human Subjects Research (HSR) Assessment Form Determination

Date: April 30, 2018
HSR determination: Non-Human Subjects Research
Date of determination: April 30, 2018
Student name: Honamattie Dabydeen
Project title: The Effect of the Deficit Reduction Act of 2005 on Patients’ Outcomes as
reflected in the rates of infections

Dear Honamattie Dabydeen,
Following the SPH HRPP Office’s review of your HSR Assessment Form entry, it was
determined that your project, The Effect of the Deficit Reduction Act of 2005 on Patients’
Outcomes as reflected in the rates of infections, does not meet the criteria for HSR, per
Federal regulations and CUNY HRPP policy. These criteria include:
1. The investigator is conducting research or clinical investigation;
2. The proposed research or clinical investigation involves human subjects; AND
3. CUNY is engaged in the research or clinical investigation involving human subjects.
Your project did not meet criteria 2. Thus, no further HRPP/IRB action is required at this time,
and you may now begin your project. Please note that you must consult with the SPH HRPP if
any future changes are made to your protocol that made impact the HSR determination and
warrant subsequent review.
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DeSilva at Immaculate.DeSilva@sph.cuny.edu or 661-246-6806.
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Appendix B
Definition of Key Terms
1. Catheter-Associated Urinary Tract Infection (CAUTI): Catheter-associated UTI is
defined by NHSN as a urinary tract infection where an indwelling urinary catheter was in
place for >2 calendar days on the date of event, with day of device placement being Day
1, and an indwelling urinary catheter was in place on the date of event or the day before,
and at least one of the following signs or symptoms: fever (>38°C); urgency; frequency;
dysuria; suprapubic tenderness; costovertebral angle, pain or tenderness; and a positive
urine culture of ≥103 colony-forming units (CFU)/ml with no more than 2 species of
microorganisms. This outcome is coded as 996.64 using the ICD-9 codes coding
system.153
2. Hospital-Acquired Infection (HAI): A localized or systemic condition resulting from an
adverse reaction to the presence of an infectious agent(s) or its toxin(s). It occurs in a
patient in a health care setting and was not present or incubating at the time of admission,
unless the infection was related to a previous admission.154
3. Hospital-Associated/Acquired Conditions (HACs): A hospital-acquired condition is a
medical condition or complication that a patient develops during a hospital stay, which
was not present at admission. In most cases, hospitals can prevent HACs when they give
care that research shows gets the best results for most patients.155
4. Length of Hospital Stay (LOS): This is the number of days the patient has been in the
hospital. It is calculated using the difference between the day of admission and the day of
discharge. It has already been coded as LOS in the datasets used.
5. Nosocomial Infections or Hospital-Acquired Infections (HAIs): Nosocomial
infections, otherwise known as hospital-acquired infections, are those infections acquired
in hospital or healthcare service unit that first appear 48h or more after hospital admission
or within 30 days after discharge following in patient care. They are unrelated to the
original illness that brings patients to the hospital and neither present nor incubating as at
the time of admission.156
6. Pay for Performance (P4P): "Pay-for-performance" is an umbrella term for initiatives
aimed at improving the quality, efficiency, and overall value of health care. These
arrangements provide financial incentives to hospitals, physicians, and other health care
providers to carry out such improvements and achieve optimal outcomes for patients.157
7. Value-Based Purchasing Program (VBP): The Hospital VBP Program rewards acute
care hospitals with incentive payments for the quality of care they give to people with
Medicare. This program adjusts payments to hospitals under the Inpatient Prospective
Payment System based on the quality of care they deliver.158
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Appendix C
Abbreviations:
Agency for Healthcare Research and Quality (AHRQ)
Analysis of Variance (ANOVA)
Appropriateness Evaluation Protocol Method (AEP)
Centers for Disease Control and Prevention (CDC)
Centers for Medicare and Medicaid Services (CMS)
Deficit Reduction Act (DRA)
Fee for Service (FFS)
Healthcare Cost and Utilization Project (HCUP)
Hospital-Acquired Infections (HAIs)
Hospital-Associated Conditions (HACs)
National In-service Discharge Databases (NIS)
Pay for Performance (P4P)
Receiver Operator Characteristic (ROC)
The Institute of Medicine (IOM) renamed the National Academy of Medicine
Value-Based Purchasing (VBP)
Wilcoxon Mann-Whitney U test (Mann-Whitney U)

85

Appendix D (I)
Variables to be Used in the Study:
Dependent Variables
1. LOS
2. Top 5% LOS
Independent Variables
1. Hospital Characteristics
a. Location
b. Number of Registered Nurses
c. Percentage of Registered Nurses Among Other Nurses
d. Region
e. Size
2. Patient Characteristics
a. Age
b. Race
c. Risk of Mortality
d. Severity of Illness
e. Sex
f. Type of Insurance They Have

Appendix D (II)
Data Dictionary
Patient Characteristics
Variable
Description
Value
Value Description
AGE
Age in Years at Admission 0–124 Age in Years
Age_Group
Age at admission
Categorized
Delete <18
1
18–44
2
45–64
3
65–84
4
85+
Race_Group
Categorized

Race
1
2

White
Black
86

3
4
Pay_Group
Categorized

Insurance

Payer

Type of Insurance

Payer
Categorized

Patient Health
APRDRG_Risk_Mortality_Group
Risk of Mortality
Categorized
Delete 0 subclass
APRDRG_Severity_Group
Severity of Illness
Categorized
Delete 0 subclass

LOS "Length of Stay, cleaned"
Hospital
Delete LOS >60 days
Top_Five_ Percent
LOS Categorized

Hosp_Stay
LOS Categorized

Hospital Characterisics
HOSP_Bedsize

HOSP_Location

Hispanic
Other

1
2
3
4

Medicare
Medicaid
Private Insurance
No Insurance

1
0

Insurance
No Insurance

1
2
3

Likelihood of Dying
Minor–Moderate Likelihood of Dying
Major Likelihood of Dying
Extreme Likelihood of Dying

1
2
3

Loss of Function
Minor–Moderate Loss of Function
Major Loss of Function
Extreme Loss of Function

0–365 Days Number of Days Patient spent in the

1
0

Top 5% LOS
All Other LOS

1
2
3

Short Stay (Bottom 10%)
Average Stay (Middle 80%)
Long Stay (Top 10%)

Size of Hospital
1
Small
2
Medium
3
Large
Location of Hospital
0
Rural
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1
HOSP_REGION

Region

Urban

Region of Hospital
1
Northeast
2
Midwest
3
South
4
West
Hosp_Region 1
Categorized 2

HOSP_TEACH

East (Northeast & South)
West (Midwest & West)

Teaching Status of Hospital
0
Non-Teaching
1
Teaching

HOSP_RNFTEAPD RN FTEs per 1000 adjusted inpatient days (nn.nn)
HOSP_RNFTEAPD_Group HOSP_RNFTEAPD
Categorized
1
<3
2
3–4
3
4–5
4
5+
HOSP_RNPCT

Percentage of RN among all Nurses (nn)

HOSP_RNPCT_Group
Categorized
all Nurses Categorized

Policy

1
0

1
2
3
4

<70%
71–80%
81–90%
>90%

No Policy
Policy in Place
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